Abstract-This paper presents the applicability of combined Landsat Thematic Mapper and European Remote Sensing 2 synthetic aperture radar (SAR) data to turbidity, Secchi disk depth, and suspended sediment concentration retrievals in the Gulf of Finland. The results show that the estimated accuracy of these water quality variables using a neural network is much higher than the accuracy using simple and multivariate regression approaches. The results also demonstrate that SAR is only a marginally helpful to improve the estimation of these three variables for the practical use in the study area. However, the method still needs to be refined in the area under study.
O
BSERVATIONS of turbidity, Secchi disk depth, and suspended sediment concentration provide quantitative information concerning water quality conditions. Additionally, these observations can be used in various numerical schemes to help characterize the trophic state of an aquatic ecosystem [1] . However, the number of available in situ measurements of water quality characteristics is usually limited, especially in temporal and spatial domains, because of the high costs of data collection and laboratory analysis [2] . Currently, the digital evaluation of Landsat information at visible and near-infrared (NIR) wavelengths has been used to estimate water quality variables [3] , [4] . These investigations suggest that Landsat Thematic Mapper (TM) data can provide an alternative method to obtain relatively low-cost simultaneous information on surface water conditions for numerous lakes and large coastal or oceanic areas [5] - [8] . Although the Landsat TM sensor is able to present a synoptic monitoring of water quality problems [9] - [14] , its quantitative use is still a difficult task.
The number of water quality variables that can be determined from visible Landsat TM imagery is still limited. Consequently, for a given site, some of these variables or, alternatively, some inherent optical properties (IOP) must be known [15] . Moreover, cloud cover and delays in TM data acquisition seriously diminish its usefulness for monitoring water quality environment, while radar remote sensing is practically independent of weather conditions. Radar remote sensing is quite different from optical remote sensing in many ways. A spaceborne radar is an active instrument that transmits a coherent signal into the target and measures the backscattered signal. Since the wavelengths employed by microwave radars are in centimeter scale instead of nanometer scale, the interaction of electromagnetic radiation with a water body is also different from the optical/IR case. A radar signal does not significantly penetrate into the water. Instead, it reflects from the water surface. Hence, the radar backscattering signatures can only carry information on 1) water surface geometry (waves and ripples); 2) material on water surface; 3) permittivity (dielectric constant) of water (top layer). Nevertheless, water surface geometry can be related to such properties as water bottom topography, internal waves/currents, and slicks on surface [16] . Therefore, it may be possible to develop empirical algorithms to reduce the effect of factors that disturb optical signatures by using concurrent synthetic aperture radar (SAR) data.
The Gulf of Finland is highly affected by the input from the rivers, which discharge a high concentration of mineral suspended solids and nutrients. It is optically dominated by scattering from suspended sediments, whereas its coastal waters are dominated by absorption from phytoplankton, suspended matter, and yellow substance. These characteristics of the water in the area have been studied using remotely sensed data [17] , [18] . In this study, therefore, we investigate the applicability of combined Landsat TM and European Remote Sensing 2 (ERS-2) SAR data to turbidity, Secchi disk depth, and suspended sediment concentration retrievals in the Gulf of Finland. For such a purpose, the empirical method is employed to estimate these water quality variables and to test if the additional use of SAR data is helpful for the purpose. However, due to the limited acquisition of simultaneous Landsat TM and ERS-SAR data, water quality retrievals from combined TM data and SAR data still need to be refined. Fortunately, ENVISAT enables nearly simultaneous acquisition of optical and SAR data, i.e., Medium Resolution Imaging Spectroradiomter (MERIS) and Advanced Synthetic Aperture Radar (ASAR), to be further applied in the area.
II. CASE STUDY

A. Study Area
The Gulf of Finland is relatively shallow, with a mean depth of 38 m and a maximum depth of 123 m. The total water volume 0196-2892/03$17.00 © 2003 IEEE is about 1130 km . The surface area (29 600 km ) is small compared with the catchment area (421 000 km ). The incoming river discharge is about 110 km per year. In the easternmost part of the Gulf, the salinity is very low because of the fresh water of the River Neva. The average salinity on the surface is close to 0.6% in December and 0.3% to 0.6% in June. The Gulf is also saline stratified, and in summer it is temperature stratified. In general, most of the Gulf is nitrogen limited, but the inner Neva estuary is phosphorus limited. Therefore, the factors causing increased light attenuation such as organic matter, phytoplankton, and suspended sediments vary temporally as well as spatially [19] .
B. In Situ Data
In situ measurements were collected concurrently with one scene of Landsat TM and one scene of ERS-2 SAR data in August 16, 1997 . Water samples at 53 stations were taken from the surface layer of the sea (0-0.5 m). The following variables were measured using the standard methods: turbidity (Formazine Nephelometric Unit (FNU), EN 27027), Secchi disk depth (water transparency), suspended matter (filtered by nuclepore polycarbonate 0.4 ), and other related variables (at the Finnish Environment Institute). All samples from the measurement lines were analyzed in mainland laboratory within four to ten hours from water sampling [20] .
C. Landsat TM Data
When Landsat TM data are used to retrieve quantitative data concerning the water area, a procedure to correct the measured radiance for the atmosperic contribution is required [21] - [26] . The remaining amount of radiance that reaches the sensor (target radiance) can range from 25% at 450 nm (blue region of electromagnetic spectrum) to 0% at 850 nm (red region) [27] - [30] .
With the hypothesis of the homogeneous ground reflectance, the radiance energy received by a sensor contains several components, and could be expressed as (1) and (2) where is the radiance gathered by the sensor, and is the atmospheric transmittance due to absorption by atmospheric gases such as ozone, water vapor, carbon dioxide, and molecular oxygen.
is the atmospheric radiance due to light scattering from gases and aerosols, and is the radiance directly coming from the ground target.
is the radiance refracted from inside the water body, while is the radiance reflected from the water surface. Here, in the case of water, is substituted by . So far, the radiance emitted from the surface of water body itself ( ) has been ignored. However, if the measurements of the atmosphere are not available, the appropriate correction value for each spectral band can be deterimined, by histogram inspection and thus setting the minimum value to zero, i.e., a simple shifting of values. This approach is valid knowing that atmospheric scattering is the dominating effect compared to absorption caused by the atmosphere in the shorter wavelengths, e.g., TM bands 1 to 3. Another technique is to observe a reflectance target such deep clear water as a "dark object" [31] , later improved by the same author Chavez [32] that should almost completely absorb all light in the NIR region and, thus, should have brightness values close to zero [33] .
In this study, one scene of Landsat TM data was acquired on August 16, 1997 . The resolution of TM data is 30 m (except band 6 with 120 m). Since analysis was made for a single image with a quite small angular range, the atmospheric correction has little effect on correlation analysis. Thus, the atmospheric correction was ignored. The TM image was geometrically corrected using a land use map, and then the land area in the image was masked off. In order to extract the TM data from those ground truth points (water sampling stations), the mean and standard deviation of TM digital number values were calculated using defined windows of 300 m 300 m for each ground point. This is because MERIS has a resolution of 300 m. In our future studies, MERIS data will be combined with ASAR data for water quality retrievals in the area.
D. ERS-2 SAR Data
The ERS-2 SAR data obtained on August 16, 1997 was preprocessed by the European Space Agency (ESA) to the precision image (PRI) level. This means that the image is geometrically corrected but orbit-oriented and not registered to a mapping projection system. The pixel size is 12.5 m (but the actual spatial resolution is 25 m), and the coverage is approximately 100 km 100 km. Over such a large region, there is an incidence angle effect. This effect will be into account in the future study.
The SAR image was also geometrically corrected using the land use map, and then the land area in the image was masked off. Similar to Landsat TM data extraction, ERS-2 SAR data corresponding to each gorund truth points were also extracted using the same predefined windows of 300 m 300 m.
E. Combined Use of Landsat TM and ERS-2 SAR Data
The key characteristics affecting microwave radar observations, in addition to water dieletric constant, are the water surface roughness properties. Since water mass below the surface does not contribute to the microwave radar backscattering, actual water quality characteristics do not directly influence these radar observations. Therefore, the signal received by SAR can be obtained from (3) where is radiance at a point in a random medium measured in watts per steradian [ ( steradiance unit solid angle)], and is the power measured in watts flowing within a solid angle through an elementary area oriented in a direction of unit vector in a frequency interval [34] . At optical wavelengths, however, radiation detected by a remote sensing instrument includes both the contribution scattered inside the water body and the contribution reflected from the water surface [see (2) ].
One comparison of nearly simultaneous Landsat TM and ERS-2 SAR observations was possible for one occasion, August 16, 1997. On that date, the Landsat TM sensor and the ERS-2 SAR imaged the same coastal region at 8.44 UTC and 9.40 UTC, respectively. Since the time difference between the imaging was less than one hour, the water surface wave conditions, including wind and water temperature, can be assumed to be quite similar for both images (e.g., spatial differences in wave conditions). Over the previous 24 hours, the average wind speed was about 5.5 m/s with the northwesterly direction. The average surface water temperature was about 19.5 C, and the average wave height was about 0.39 m.
III. RETRIEVAL METHODS
A. Multivariate Approach
At the optical wavelengths, passive remote sensing observations are affected by the volume scatterring inside the water body and the reflection from the water surface. However, radar measurements are only affected by water surface properties. The temporal and spatial variations in water surface roughness are actually factors that disturb the interpretation of optical data [16] . Since the radar observations are only influenced by the surface layer, it may be possible to develop methods to estimate water quality variables in which SAR data are used as supplementary data to optical observations.
In this study, multivariate retrieval algorithms for water quality variables using TM data and combined TM/SAR data can be expressed as (4) (5) where and are the digital number (DN) values of seven TM bands and single ERS-2 channel; is the TM band number from 1 to 7; and , and are the empirical regression coefficients derived using the observations from the ground truth points.
B. Neural Network Approach
A neural network algorithm was also applied in this case study. A neural network has three layers: input layer, hidden layer, and output layer. The first layer distributes the input parameters of extracted data at different wavelengths such as TM bands and SAR to the second layer. The second (hidden) layer has a varying number of neurons, where each input parameter is multiplied by its connection's weights and all the inputs to the neurons are summed and passed through the nonlinear sigmoid function. The third layer receives the output of the second layer in which it is processed through neurons again [35] , [36] .
In a neural network, each neuron has two parts: a linear summation function and a nonlinear activation function. The inputs to each neuron are firstly routed through the summation function. The output of this function inside the neuron at node is given by (6) where are the inputs, are the weights related to each input/node connection, and is the bias related to node , and is the output of this function inside the neuron at node . The inputs to the neuron are multiplied by their related weights, summed and added to the bias. The weights control those in which inputs and connections in the network are more important than others. The bias controls the activation level of neuron, when resulting sum is passed through a nonlinear activation function (7) where is a sigmoid activation function and is the output of hidden layer after the nonlinear summation. The activation function is what gives the network its ability to model nonlinear behavior [37] , [38] .
C. Validation Against In Situ Data
The capability of satellite remote sensing to yield synoptic information of water quality over large areas is a valuable tool. Also, it is important that the information of water quality obtained from satellite sensors is supported by in situ measurements. However, the limitation of this technology is that the accuracy of water quality information derived from that is based on in situ sampling only [39] . Therefore, the validation of turbidity against in situ data ranges from 1.0-7.5 FNU, while the validation of Secchi disk depth (SDD) against in situ data is from 0.67-4.2 m and that of suspended sediment concentration against in situ data ranges from 1.6-11.0 mg/L in this study.
IV. RESULTS AND DISCUSSION
Examination of the correlations between observed intensities at different TM bands ranged from 0.001 to 0.933 (Table I) . This difference may have a significant effect on results of data analysis. However, the high correlation between TM bands probably means that these bands are measuring similar aquatic properties in the study.
The correlation between the ERS-2 SAR derived backscattering coefficient and different TM bands is also presented in Table I . The results indicate that the data from visible bands of TM are to a degree correlated with the C-band SAR observations [18] . The highest correlation ( of 0.144 is between SAR data and TM band 2 (TM2). Since angular corrected SAR observations are only dependent on the surface wave conditions (in addition to random speckle, which was mostly averaged out in the employed water area signatures), this probably suggests that the variations in wave conditions cannot really explain the variability of TM2 observations. A previous examination of the correlation between turbidity and chlorophyll-a is 0.066 [40] . This probably suggested that the turbidity in the area was not dependent on plankton biomass. However, the correlation of turbidity with suspended sediment concentration (SSC) is up to 0.815, which implies that turbidity is significantly related to suspended sediments in the Gulf. On the other hand, SDD has a correlation of 0.312 with chlorophyll-a and that of 0.493 with SSC. This means that SDD is weakly but somewhat correlated to both dissolved and particulate organic matter in the area.
Simple regression analysis for turbidity, SDD and suspended sediment concentration (SSC), in relation to Landsat TM bands and ERS-2 SAR data, are presented in Table II . All visible and NIR bands (Bands 1-4) were to a certain degree predictive of turbidity with the exception of the TM5, TM6, and TM7. The turbidity was most explained by TM3, which explained 66.4% of the variation in a regression. These same bands were also to some extent predictive of variations in SDD and SSC, although no single band explained more than 53.3% of these two variables. However, the results suggest that the variation of ERS-2 SAR explained 36.8% of SDD, whereas the SAR cannot explain both turbidity and SSC.
The results of using TM band ratios, band differences, logarithmic transformations, chromaticity analyses, and some other combinations at visible and NIR TM bands were compared and also presented in Table II . All these numerous transformations did not improve the retrieval accuracy than those of simple regression analysis.
A. Turbidity and Secchi Disk Depth
Both Turbidity and Secchi disk depth (SDD) are optical measurements of water quality and differ from suspended sediment concentration for example, which is a measure of the weight of inorganic particulates suspended in the water column [2] . Turbidity is one frequently used satellite optical data derived variable. Since SDD has become a widely accepted tool to measure water transparency, there have been many efforts to map this variable from Landsat TM imagery.
Turbidity estimation from combined TM/SAR data using both multivariate and neural network approaches, as well as the comparison with those from TM data, is presented in Table III . The results demonstrate that the accuracy of turbidity estimation applying neural network ( 0.963 for TM/SAR Fig. 1 . Turbidity retrieved result using the neural network method in the area.
( Fig. 1 ) and 0.942 for TM) is much better than those using multivariate approach ( 0.709 for TM/SAR and 0.709 for TM). The results also show that ERS-2 SAR has a very small improvement (2.1%) in turbidity estimation in neural network method, while SAR has no contribution in turbidity retrieval using multivariate approach in the study. Such a small improvement probably means that SAR is little useful to estimate turbidity in this case study.
On the other hand, both multivariate and neural network approaches can improve somewhat Secchi disk depth (SDD) retrieval from the combined use of TM/SAR data, although they are all lower than 5% (e.g., 3.4% for multivariate approach and 3.5% for neural network method). The results indicated that the accuracy of SDD estimation applying the neural network ( 0.951 for TM/SAR (Fig. 2) and 0.916 for TM) is much higher than those using multivariate approach ( 0.774 for TM/SAR and 0.740 for TM) (see Table III ). Although SAR improved SDD retrieval less than 5%, the results may suggest that there are few SAR backscattering signatures corresponding to SDD measurements in the area. These small improvements are little helpful for the practical use of SDD retrieval in this case study. However, further studies are needed using simultaneous acquisition of optical and SAR data, i.e., MERIS and ASAR, in the area.
B. SSC
SSC is one of most successfully measured parameters by means of remote sensing. Theoretically, a suspension of inorganic matter of a homogeneous fraction should give the most accurate model results of all substances in a water mass as this material has well-defined physical reflectance properties. Many researchers have independently established a positive correlation between suspended sediment concentration and reflectance in the visible and NIR wavelengths [16] .
Applying both multivariate and neural network approaches, SSC can be retrieved from the combined use of TM/SAR data. The accuracy of SSC using neural network method (0.908 for TM/SAR (Fig. 3) and 0.888 for TM) is much better than that using multivariate approach (0.578 for TM/SAR and 0.572 for TM) (see Table III ). The improvements of SSC retrieval are quite small (e.g., 0.6% for multivariate approach and 2.0% for neural network method). This is expected as Table II indicates that SAR data has a low correlation ( 0.098) with SSC. Since their improvements are very small (0.6% and 2.0%) in SSC estimation, the SAR data has no actual contribution in SSC retrieval in the study. Such small improvements maybe imply that SAR is only marginally useful to retrieve SSC in this case study. However, simultaneous optical and SAR data, i.e., MERIS and ASAR, will be employed for the area. and testing, we balance the need for precision with the convenience of processing time and found that five hidden nodes for each input are good enough in our study.
V. CONCLUSION
In this study, we tested the applicability of the combined use of Landsat TM bands and ERS-2 SAR-derived backscattering coefficients to water quality retrievals. The in situ water quality measurements from the Gulf of Finland and the corresponding datasets of TM and SAR were used to retrieve turbidity, Secchi disk depth and suspended sediment concentration. The TM and SAR data from locations of water samples were extracted and digital data were examined in their raw states as well as numerous transformations. Useful correlations were observed between digital data and turbidity, Secchi disk depth and suspended sediment concentration in the area.
The results indicate that the neural network adequately describes the nonlinear transfer function between the TM and SAR observations and water quality variables such as turbidity, SDD and SSC in the study. These three variables were estimated using five hidden nodes from the inputs of seven TM bands and one SAR channel. The network was able to model the nonlinear transfer function with the higher accuracy than algorithms based on traditional regression analysis, although regression analyses are still good methods to apply for transfer functions which are linear behavior or where nonlinear transfer functions are well known. Both multivariate and neural network approaches using combined TM and SAR data also show that SAR improves very little (e.g., less than 5%) the estimation accuracy of these water quality variables in our study. The small improvements probably suggest that SAR is only a little helpful to retrieve such variables as turbidity, SDD and SSC for the practical use in coastal waters like in the Gulf of Finland. However, further studies are needed using simultaneous acquisition of optical and SAR data, i.e., MERIS and ASAR, in the area.
